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Active contour methods are widely used for medical image segmentation. Using level set algorithms the applications of active
contourmethods have become flexible and convenient.This paper describes the evaluation of the performance of the active contour
models using performancemetrics and statistical analysis.We have implemented five differentmethods for segmenting the synovial
region in arthritis affected ultrasound image. A comparative analysis between the methods of segmentation was performed and the
best segmentation method was identified using similarity criteria, standard error, and F-test. For further analysis, classification of
the segmentation techniques using support vector machine (SVM) classifier is performed to determine the absolute method for
synovial region detection. With these results, localized region based active contour named Lankton method is defined to be the
best segmentation method.

1. Introduction

Musculoskeletal disorder (MSD), an epidemic disease, is now
a significant health problem in emerging and most develop-
ing countries in the world. MSD remains the most prevalent
disease in society due to its impact on mobility, ability to
work, and life style. Arthritis is one of the prevalent MSD
among all the age groups of people [1]. The most affected
portion is the joint region. At relatively early stage of the
disease the synovial membrane around the joints used to
inflame and leads to degeneration of the joints. The main
system to visualize the joint state is through ultra sound
diagnosis (USD).TheUSD is less expensive and availablewith
all the clinicians [2, 3]. The USD images represent different
tissue regions with variations of gray shades. These images
are further processed to segment the synovial region and to
analyze the disease condition and further progression of the
disease.

One of the essential tasks in image analysis is image seg-
mentation. Segmentation is to extract objects from the images
by dividing the image into set of regions with different

properties. Segmentation plays an important role in auto-
matic object recognition or pattern identification process to
identify pathologies and medical diagnosis [4, 5]. The most
challenging task is to extract the contour and boundaries
of the desired region for dynamic analysis of anatomical
structures. One of the most robust segmentation methods for
medical images is active contour method (ACM).Themethod
implies curve evolution to detect the region of interest in a
given image [6–8].The segmentation process is based on edge
and region based approach. The geometric active contour
model proposed by Caselles and Malladi et al. is an edge
based approach which is based on evolution of curves and
geometric flows [9]. Chan and Vese have proposed edge
less active contour model which is one of the most well-
known region based method. Bernard et al. have proposed a
parameterized active contour method. More recently Li et al.
and Lankton proposed a method which utilizes local region
information for segmentation [9–14].

In this paper we have applied different segmentation
methods to arthritis affected finger joint ultrasound images
to segment the synovial region. The efficiency of these
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methods is analyzed using performance analysis metrics and
statistical analysis method. For performance analysis metrics
we have used Dice coefficient and Hausdorff coefficient and,
for statistical analysis method standard error, F-test were
used. At the end classification is used to define the absolute
active contour method for segmentation of synovial region
by training and analyzing the performance metrics and
statistical values. The rest of the paper is organized as follows
Section 2. The Methods and Materials, Section 3 the results
and discussion, and Section 4 the conclusion.

2. Methods and Materials

Inmedical imaging, the segmentation of regions with specific
parameters is carried out with the help of active contour
models. Because these models develop a contour around
the target object and segregate it from the image, the seg-
mented image possesses only the required information of
the target object [15]. The level set segmentation methods
like Caselles, Chan–Vese, Bernard, Li, and Lankton are
applied on arthritis affected finger joint images obtained
from the MEDUSA database http://medusa.aei.polsl.pl.[16–
18]. Further using performance analysis metrics like dice
coefficient and Hausdroff distance and statistical analysis
metrics like standard error and F-test describes the significant
difference between the techniques used for segmentation.
Classification using SVM defines the best suited method for
synovial region segmentation.

MEDUSA is a standardized and authorized database
which consists of finger joint images of different grades (grade
0, grade 1, grade 2, and grade 3) of synovitis. Various studies
related to arthritis and synovitis are performed using this
database.

2.1. Caselles. Caselles is geodesic based active contour meth-
ods which largely depend on the level set functions that
describe the specific regions in the image for segmentation.
Contours are described based on the geometric flow of curve
and detection of objects in the image [11].This type of contour
modelmodifies the curve in the plane bymoving the points of
the curve perpendicular.Themotion of the points is at a speed
proportional to the curvature of the region in the image.
By adding an area of minimizing region (balloon force),
propagation of contour occurs internally by minimization of
the interior energy given by

E (C) = ∫ 𝑔 (𝐼 (𝑐 (𝑃))) 𝐶 (𝑃) 𝑑𝑃 (1)

𝑔 (𝐼) = 11 + ‖∇ (𝐺 ∗ 𝐼)‖2 (2)

I is image intensity, G is Gaussian Filter of unity variance, and
C is derived parametric curve to regions with high gradient
where set level function is executed as a signed distance
function (P= 0(x) )

Contour models use the energy forces for geometric flow
curve description. Geometric contours can be obtained based
on regions and edges in the curvature of the image [12].

2.2. Chan–Vese. Chan–Vese is a region based method which
segments an image into two homogeneous regions. The
method utilizes energy minimization technique defined by
weighted values corresponding to the average value of sum
of intensity difference from outside and inside the segmented
region [9, 10]. Contours are based on either the variance
inside and outside contour or the squared difference between
average intensities inside and outside the contours along
with the total contour length. This contour model helps to
determine different image properties, not only edges, and it
also includes regions based on texture and other geometrical
features. Energy defines the entire region of interest from the
image.

The total energy of the model is given in

E0 = 𝜇∫
Ω
𝛿 (𝜑 (a)) ∇𝜑 (a) da + v∫

Ω
H (𝜑 (𝑎))da

+ 𝜆1 ∫
Ω
H (𝜑 (a)) f − C1


+ 𝜆2 ∫

Ω
(1 −H (𝜑 (a)) f − C2 da

(3)

𝜇, ], 𝜆1, 𝜆2: real parameters
C1, C2: constants determined for segmentation−1≤ 𝜑(a)≤1: level set function in which 𝜑(a)=0
specifies the interface
f: original image
H: heavy side function in 1 dimension centered at 0
and 𝛿=H.

2.3. Bernard. Bernard method utilizes B-spline coefficients
as energy minimization function. These utilize parameter-
ized active contour method [12]. Spline coefficients define
the contour models for the pixels of interest. The energy
based functions inside and outside is described with these
coefficients. Contour models describe the entire structures
with inflation force that can overpower forces from weak
edges, amplifying the issue with localization of initial guess.
To speed up the process a linear combination of B-spline basis
functions is used and given in

E0 = ∫⋅
Ω
F (I (a) , 0 (a)) dx (4)

F (I (a) , 0 (a)) = (I (a) − 𝜐)2H (0 (a))
+ (I (𝑎) − 𝜇)2 (I −H (0 (a))) . (5)

Φ(a) is linear combination of B-spline basis functions.

2.4. Chumming Li. In order to separate the region into
two homogenous regions this method utilizes using local
neighbourhood statistics for each pixel given in (6). It uses
local region information for segmentation [13]. The energy
function of the region based active contour model is range
of region based domain kernel function. By minimizing the
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energy function, the region of elements of the target could be
determined in images with contours.

E0 = 𝜆1∬K𝜎 (a − b) I (b) − f1 (a)2H (0 (a)) db da
+ 𝜆2∬K𝜎 (a − b) I (b) − f2 (a)2
⋅ (1 −H (0 (a))) db da + 𝜐∫𝛿 (0 (a))
⋅ ‖∇0 (a)‖ da + 𝜇∫ 12 (‖∇0 (a)‖ − 1)2 da

(6)

I(a): pixel intensity at x
H: heavy side function
K𝜎: Gaussian Kernel.

K𝜎 (𝜇) = 1(2𝜋)𝜋/2 𝜎𝜋 𝑒−‖𝜇‖2/2𝜎2 (7)

2.5. Lankton. Lankton is a region based active contour
method which segments non homogeneous objects. This
method utilizes localizing region based energy which seg-
ments the region based on local information. It is not suitable
for unsupervised image segmentation as it requires appro-
priate curve initialization [14]. These models form contour
boundaries with energy forces required for the particular
region of interest. The energy inside and outside depends on
the local region pixels of the image that describes the required
region. The energy equation is illustrated in

E0 = ∫
Ω
𝛿 (0 (a)) ∫

Ω
F (I (a) , 0 (b)) ,B (a, b) dbda

+ 𝜆∫
Ω
‖∇0 (a)‖ 𝛿 (0 (a)) da (8)

𝛿 is Dirac function
B is Ball of radius r centered at point x

2.6. Performance Evaluation Metrics. The segmentation
methods are qualitatively and quantitatively assessed and
compared with each other based on three kinds of criteria.
Based on this the best suited algorithm is chosen for
particular applications.

Visual criteria: The segmented region using the active
contour methods is compared with the annotated images by
expert radiologist as reference image. The segmented region
obtained from level set function methods is compared with
reference image.

Computation time: The time taken for each algorithm to
segment the region represents the speed of the algorithm.The
speed of the respective algorithm is compared.

Similarity criteria: This criterion measures the similarity
between the reference and segmented image. The quality of
the segmented image is measured by calculating the Dice
coefficient, Hausdorff distance, and PSNR

Dice coefficient compares the segmented region with the
reference region from the annotated image and provides the
dice coefficient values ranging between 0 and 1. If it is 1 the
segmented region is more similar and it is different when it is
0 [19].

Dice = 2 (A ∩ B)
A + B

(9)

Hausdroff distance is a metric to measure dissimilarity
between two point sets. Distance transform is used to com-
pute the HD in an image. This is used to control the progress
of level set based algorithms and to evaluate the quality of the
clusters [20].

𝐷1 (𝐴, 𝐵) = max
𝑥∈𝐴

(min
𝑦∈𝐵

(𝑥 − 𝑦)) (10)

2.7. Statistical Analysis. The features like mean, variance,
and standard errors are calculated for the segmentation
methods. Among the five segmentation methods the best
suited method was identified using statistical analysis.

Mean: The mean value is termed as average value which
is computed by taking sum of all perceived outcomes divided
by overall number of gray levels. The following shows math-
ematical expression for mean represented as𝑥:

Mean, 𝑥 = 1𝑛
𝑛∑
𝑖=1

𝑥 (11)

where n is sample size and x is observed value.
Variance is study of deviation of actual value versus

predicted value. The deviation from actual and predicted
indicates the performance of the methods used.

Standard error is defined as the measure of prediction’s
accuracy. Estimated standard error is related to sum of
squared deviations of prediction (that is sum of squares
error), described

𝜎𝑒𝑠𝑡 = √∑(𝑌 − 𝑌)
2

𝑁 (12)

𝜎est is the standard error of the estimate, Y is an actual range,
Y is a predicted range, andN is the number of pairs of scores.∑(𝑌 − 𝑌)2 is the sum of squared differences between the
actual scores and the predicted scores.

2.8. Classification. Classification is a process to describe the
effective type or class based on the features derived from
the region of interest. Support vector machines (SVM) are
machine learning models. SVM is the representation of
observations as points that maps to form separate divisions
and a clear boundary factor defined as decision boundary.
Multiclass support vector machine classifies the types based
on the kernel models. Multiclass support vector machine
is used to illustrate the appropriate type of active contour
technique for the segmentation of the synovial region.



4 Advances in Multimedia

ORIGINAL IMAGE (ANNOTATED)
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CHUMMING LI
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Figure 1: Different types of active contour segmentation techniques.

3. Results

In thismethod, different types of active contour segmentation
techniques are used for the detection of synovial region. The
segmentation methods were evaluated using performance
metrics and statistical analysis. Ultrasound images from
the database are used for the identification of synovial
region. Fifty images of different grades are considered for

segmentation of the synovial region from the database.
Different active contour segmentation techniques are used
to segment the synovial regions. Visual changes in the
segmentation process are illustrated through the images in
Figure 1.

In this figure, the annotated image is defined with
green colour and the synovial region defined by the five
different types of segmentation is displayed in red colour.The
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Figure 2: Graphical representation of the performance metrics of five different active contour techniques.

Table 1: Performance metrics value for several segmentation meth-
ods.

Segmentation
methods

Dice
Coefficient

Hausdorff
Distance

Computation
Time

Caselles 0.823 16.136 40.608
Chan-Vese 0.562 18.419 55.109
Chumming Li 0.303 39.841 388.815
Lankton 0.879 14.814 13.416
Bernard 0.204 88.601 402.057

segmented synovial region, when compared to the annotated
images, visually defines the fact that Caselles and Lankton
possess similarity. To analyze the absolute segmentation tech-
nique, further performance metrics description, statistical
analysis, and classification are carried out. The performance
analysis metrics like dice coefficient, Hausdorff distance, and
computation time values of an image is tabulated in Table 1.

Comparison between each performancemetric of the five
different active contour techniques is graphically represented
in Figure 2. These representations illustrate that the Caselles
geodesic active contour and Lankton localized region based
active contour methods have slightly similar values. From the
dice coefficient values it is shown that Caselles and Lankton
are more towards 1 that is the highest range. Hausdroff
distance also shows the similarity between the two methods.
Computation time in seconds defines the fact that the
localized region based active contour Lankton is efficient.
To further classify which is the best suitable segmentation
technique we perform statistical analysis.

In statistical analysis, the features like standard error,
average mean, and average variance values are derived from
the similarity index parameters (Dice coefficient and Haus-
droff distance) for the exact determination of the segmenta-
tion technique. In this Table 2 shows the statistical analysis
of the similarity index parameters in performance metrics
defining the average mean, standard error, and average
variance values.
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Table 2: Statistical values of performance metrics for segmentation techniques.

Segmentation methods Average Mean Standard Error Average Variance
Dice coefficient Hausdorff distance Dice coefficient Hausdorff distance Dice coefficient Hausdorff distance

Caselles 0.809±0.060 30±15.60 0.809±0.0837 30±11.18 0.809±0.0451 30±103.32
Chan-vese 0.579±0.150 90.9±25.40 0.579±0.1404 90.9±56.82 0.579±0.0233 90.9±46.10
Chumming Li 0.306±0.050 235.17±100 0.306±0.1829 235.17±6.570 0.306±0.0520 235.17±862
Lankton 0.873±0.005 18.7±0.010 0.873±0.0858 18.7±13.31 0.873±0.0403 18.7±37.92
Bernard 0.158±0.160 284.4±200 0.158±0.0907 284.4±11.18 0.158±0.0081 284.4±489
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Figure 3: Graphical representation of mean average values of similarity index parameters.

Mean average value defines significant variations among
all the types of active contour techniques used for the process
of segmentation of the synovial region. But the values possess
slight similarity between the two active contour methods.The
slight deviation in the synovial segmentation between the two
methods is illustrated in Figure 3 which represents the mean
values of the similarity index parameters of the five active
contour methods.

The standard error measurement describes the accuracy
of the predicted value. The difference in standard error
between Caselles and Lankton active contours is 0.0021,
which is really insignificant. So there is a little more simi-
larity among the geodesic and localized region based active
contours.

Average variance is derived to find out the significant dif-
ference between the methods. The difference can be defined
appropriately using F-test which is performed over the vari-
ance value.The F-test results shows that the Caselles geodesic
active contour and Lankton localized region based active
contour method are likely significant which shows that the
region segmented using these methods is not similar. The
result of the F-test of the geodesic active contour Caselles and
localized region based active contour Lankton is shown in
Table 3.

As a result of statistical analysis, Caselles and Lankton
have slightly significant difference and prove to possess dis-
similarity in the process of segmentation of synovial region.
For further determination of the exact segmentation tech-
nique, the performance metrics and statistical features
obtained from the region undergo classification process. In

this process, support vector machine (SVM) classifier is used
for training and identification of the significant segmentation
technique for synovial region detection. Localized region
based active contour Lankton is described asmore significant
with the help of the results of classification. These results are
defined with confusion matrix and scatter plot of the trained
features of the synovial region from the ultrasound images.
In Figure 4, the confusion matrix is defined with accuracy
rates of each category of segmentation. With these results,
Lankton is determined as the significant nature of themethod
in detection of synovial region. Features extracted from the
synovial region possess significant variations and localized
region based active contour is described with the accuracy
of the confusion matrix based on the true positive and false
negative rates.

From these results, Localized region based active contour
ismore efficientmethod of active contours for synovial region
segmentation by training and classifying the features like
performance metrics and statistical values. These features
define the appropriate classification of the region which is
performed with this Lankton active contour.

4. Conclusion

In recent days arthritis has become a significant health
problem. Early diagnosis and treatment help the patients
to lead normal life. A method was presented to evaluate
the active contour segmentation algorithms to segment the
synovial region from arthritis affected finger ultrasound
image. Performance analysis metrics like Dice coefficient and
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Table 3: F-Test for Variances of Caselles and Lankton Method.

F-Test Two-Sample for Dice coefficient Variances F-Test Two-Sample for Hausdorff distance Variances
Mean 0.845719 0.829609 Mean 19.47198 27.57708

Variance 0.04031 0.045104 Variance 37.91567 103.3178
Observations 8 8 Observations 8 8

df 7 7 df 7 7
F 0.893709 F 0.366981

P(F<=f) one-tail 0.442978 P(F<=f) one-tail 0.104682
F Critical
one-tail 0.264058 F Critical one-tail 0.264058
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Figure 4: Confusion matrix of the classification of active contour
segmentation techniques.

Hausdroff distance and statistical analysis metrics like stan-
dard error and F-test shows the significant difference between
the two segmentation method (Caselles and Lankton) for
synovial region. Further classification is performed for the
derived features such as performance metrics and statistical
values. Higher accuracy is described for Lankton as the result
of classification process. Hence the output of the research
work shows that Lankton method is the best method for
synovial region segmentation from ultrasound images.

Data Availability

The ultrasound images used to support the findings of
this study were supplied by Krystian.Radlak under license
agreement from MEDUSA Project and so cannot be made
freely available. Requests for access to these data should be
made to Krystian.Radlak, krsytian.radlak@polsl.pl.

Additional Points

The complete research work concentrates on evaluation of
contour based segmentation techniques.
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